Forecasting 
INTRODUCTION
Fair forecasts of future path of macroeconomic aggregates is a crucial issue for economic researchers and a key tool for monetary and fiscal policy makers. However, forecasting the growth in Gross Domestic Product (GDP) is generally considered a very complicated and complex exercise. Many different approaches have been suggested in the literature see Canova (2007) and Koop and Korobilis (2010) for a review. In this paper, we use a Vector autoregression model (VAR) which is a flexible time series method able to capture complex dynamic interrelationships among macroeconomic variables. However, a rich parametrization of these models often leads to inaccurate estimates of model parameters and to unstable out-of-sample forecasts. The total number of estimated parameters is given by a relation ( ) ( ) 1 / 2 p k k k k k   +   +  +  where k represents the number of variables in the given model and p number of lags. For a VAR model with 10 variables and 4 lags, it is thus necessary to estimate a total of 465 unknown parameters including the vector of constants. Economic time series, especially those in the Czech Republic, are not long enough to provide ground for reasonably-behaved estimates of such richly parameterized models. Obviously, in situations where the model has more parameters than observations, it is not possible to make any estimate of its parameters (Hawkins, 2004) . Litterman (1979) and Litterman et al. (1986) introduced an effective Bayesian way how to tackle the issue of a large number of parameters. Their approach relies on the combination of the likelihood function with the informative prior distribution. This approach has become successful as it allows effective reduction of variance of parameters and stabilization of the forecasts. Using classical (frequentist) terminology, it substantially reduces the estimation error by introducing only relatively small biases in the parameter estimates. Experience with the performance of the BVAR-based forecasts covering their five-year use in the Federal reserve bank of Minneappolis was subsequently summed up one year later in the publication Litterman et al. (1986) . The Bayesian VAR model proved to be effective and a flexible tool for prediction macroeconomic variables (Bikker, 1998) especially in situations where a large set of time series is available and a very high number of parameters needs to be estimated (Banbura, Giannone, & Reichlin, 2010) .
It is also important to note that the "best" model for forecasting can potentially change over time. For instance, optimal lag length or hyperparameter setting can differ across the business cycle. We address this issue using a strategy proposed by Raftery et al. (1997) which they refer to as Bayesian dynamic model averaging (DMA). Dynamic model averaging allows to choose the most appropriate model for forecasting at each point of time. Koop and Korobilis (2010) were first to implement this methodology to econometric problem of inflation forecasting.
LITERATURE OVERVIEW
One of the first works on forecasting macroeconomic aggregates with Bayesian vector autoregression models is by Litterman et al (1986) . A comparison of the BVAR forecasts of macroeconomic aggregates using EU-7 and EU-14 data is offered by Bikker (1998) .
Comparison of classical VAR and BVAR models for a group of selected macroeconomic indicators of the Eurozone was carried out by Félix and Nunes (2003) . The BVAR models generally showed better predictive performance compared to their classic VAR counterparts, in particular for short-term horizon up to one year. Another article with significant impact on this work is by Canova (2007) . It compares different approaches to the prediction of inflation in G7 countries. Forecasts are based on ARIMA, VAR and BVAR models and are compared using Theil-U statistics. The study shows that, BVAR models generally provide more accurate forecasts than traditional VAR models on quarterly, one-year and two-year time horizons. This paper also draws on the work by Giannone et al., (2015) who suggested to weight the forecasts over the grid of hyperpameters within the Minnesota-prior setting. However, unlike Giannone et al (2015) , we use dynamic form of Bayesian models averaging (DMA), which allows dynamic change of the weights of individual models over time, depending on the forecasting performance of individual models in the recent past.
METHODOLOGY
Bayesian inference is based on combining a priori knowledge (external informationPrior) and a a function of the parameters of a statistical model given data (Likelihood) derived from the data.
POSTERIOR PRIOR LIKELIHOOD =
External, undated information enters into the model in the form of prior distribution of the individual VAR model parameters. The shape of the priori distribution is defined by parameters (hyperparameter) for more details see (Koop, 2003) . In this paper we study a choice of hyperparameters of Litterman´s Minnesota Prior (Litterman et al, 1978) In the following subsections we briefly describe main concepts used in this paper. First, we provide rationale behind Minnesota prior and its forms. We pay particular attention to the issue of how its hyperparameters are chosen. Then we present the DMA method and show how the forecasts obtained from different models can be efficiently weighted.
PRIORS FOR BVAR
The Bayesian VAR model contains (similarly to any regression model) two types of unknown parameters for which it is necessary to formulate prior views. The first group consists of autoregression parameters contained in parametric matrices t A , the second group is formed by the elements in the covariance matrix of the exogenous shocks. terms. Although the prior distributions are, in principle, fully in the researchers' hands and should reflect their prior views as close as possible, for computational reasons the parameters in the matrices t A usually follow multivariate normal distribution. For the same reason, prior views on the covariance matrix of error terms is captured by some form of inverse Wishart distribution. The joint prior distribution for both groups of parameters can then be formulated in two ways, depending on whether the prior dependence or independence between the two parameter-sets is assumed. If one assumes that probability distributions of the parameters in α and Σ are dependent, the joint prior density ( , ) p αΣ can be factored as
p αΣ may complicate elicitation of some kinds of economically reasonable prior views, the form above bears considerable computational advantages. In particular, in this case posterior density can be obtained in a closed-form and no posterior sampling is needed. (Gibbs Sampler or Metropolis Hastings algorithm). The second way is when dependence between prior parameters
α Σ is assumed and the posterior density doesn´t have a closed analytical form and posterior simulators are needed (Koop, 2003) .
LITTERMAN´S MINNESOTA PRIOR
Researchers from the University of Minnesota and the Federal Reserve Bank of Minneapolis, Doan, Litterman, and Sims, trying to reduce parameter shrinking using the BVAR model first introduced an prior distributrion that later became known as the Litterman Prior distribution (Doan, Litterman, & Sims, 1984) and (Litterman et al, 1986) or more commonly also as so-called Minnesota prior. Their approach to the choice of prior is based on a considerable simplification of the functioning of the economic system and simple calculation of posterior densities. It also takes into account certain features that can be expected in time series of an economic nature. One of these features is the assumption of the persistent behavior of economic variables close to the Random Walk process. Litterman's prior distribution is based on the replacement of the covariance matrix Σ by its estimate Σ . . The original Litterman version assumes that Σ it is a diagonal matrix (Litterman, 1979) . The parameters of each VAR model equation are then estimated separately at the set
s is the variance estimation of the random cpmponent, is determined using the OLS method in the i-th equation and 2 ii  is the ii element of Σ . In the case that the covariance matrix Σ is not assumed to be diagonal, it is possible To replace it with an estimate Σ (Koop, 2003) .
As noted Koop and Korobilis (2012) the disadvantage of this approach is that we do not deduce the unknown matrix of parameters Σ by the Bayesian method, but rather replace it by its estimation Σ . An advantage, however, is a considerable simplification of the posterior density calculation and even the possibility of its expression in analytical form. Litterman's prior distribution also offers high flexibility in the choice of prior density (Lütkepohl, 2005) . After replacing the covariance matrix Σ , it is necessary to set the prior densities (hyperparameters) for the parameter vector . α For Litterman 's Minnesota prior density, the assumption is
where α and V are hyperparmeters of normal distribution. Most of (in some cases all)
values of the prior mean values are set to zero, which reduces the standard error of model parameter estimation. However, if the model is working with non-stationary time series, Litterman's prior division uses a mean value α such that individual variables behave similarly to random walk processes. The priori mean value hyperparametr α is then set as in the previous case, except for the elements corresponding to its first delay dependent variable in each VAR model equation. For these own lags, the value 1 is set, respectively. A value close to 1 e. g. in this paper 0.95, taking into account the abovementioned property of high persistence of economic time series Koop and Korobilis (2010) and Karlsson (2012) . The values of the other prior hyperparameters are then set to zero. Koop and Korobilis (2010) 
The posterior mean value of α has the form ( )
The variance of normal distribution is obtained as
In the classical (frequency) approach, the number of parameters and their lags are often reduced by so-called hard restrictions based on the ad-hoc results and t-tests of zero value or similar techniques, ensuring prior hard restriction of a specific variable, its delay in the model under consideration. Restrictions on the number of parameters executed using the Litterman´s Minnesota prior distribution are called soft restrictions as they allocate a certain probability distribution to the VAR model, giving the researcher a more flexible view of the indefiniteness he encounters when constructing the model (Canova, 2007) . Due to the fact that time series of economic nature also contain a number of nonsystematic noise, which can burden the estimation of parameters with unintended inaccuracies, Litterman's prior density is able to reduce these non-significant parameters to zero.
A more general version of Litterman's prior parameter setting was introduced, for example, by Canova (2007) 
BAYESIAN DYNAMIC MODEL AVERAGING
Bayesian Dynamic Modeling method was proposed by Raftery et al. (1997) and Raftery (1999) as an effective tool for combining the predictive abilities of a set of competing models over time. The concept of dynamic model averaging reflects the fact that forecasting performance of individual models may vary over time, depending on the explanatory variables considered, the number of lags used or the prior distribution of parameters employed (e. g.models can exhibit different forecasting performance across the phases of the business cycle). The weights (prior probabilities) of the models at the initial period are usually assumed to be equal for all models, i.e. (Koop and Korobilis, 2010) . The c symbol indicates a small positive constant, providing a non-zero probability value for the model. Raftery et al. (1997) recommend to set the constant to 0.001/ R. Each of subsequent predictive step updates the posteriori probabilities of all competing models depending on the quality of last prediction quality. In this work Kullback-Leibler information criterion (KLIC) is used to evaluate the quality of predictions and balance assignments (Kullback and Leibler, 1953) . The KLIC criterion takes into account the whole prediction density of s of individual models, unlike point characteristics such as Mean Square Error (MSE), Root Mean Square Error (RMSE) or Mean Absolute Error (MAE).
APPLICATION
In our application Predictions were constructed using 18 models with different choice of hyperparameters and number of lags (2, 3 and 4). Six different types of Litterman´s Minnesota priors setting and two types of decay function were considered . The first decay function by Koop and Korobilis (2010) The variables entering the models were chosen on the basis of economic theory and experience from previous studies (see a.g. Adam and Plasil (2014) . Additionaly, statistical criteria such as marginal likelihood (Bayesian approach to model selection) or AIC were taken into account, see Koop (2003) Note that the choice of time series used in the candidate models was also influenced by the availability and data quality of relevant economic indicators. Therefore, only quarterly time series covering the full period from 1998 to 2016 with minimal changes in the methodology were considered. E.g. Methodology of construction of the industrial production index has been changed and after the consultation of the impact of methodological changes with the head of the Department of Industry Statistics of Czech Statistical office we decided to not include this indicator into our model.
The starting year 1998 is seed a compromise between the sufficient length of time series analyzed, the availability of time series data, and the methodological consistency . The change of the monetary policy regime, approved in December 1997 by the Czech National Bank, also supports this choice. It is also possible to say that some time has already passed since the significant structural changes of the Czech economy caused by the transition and its transformation from the central planning regime to the market economy regime during the first half of the nineties. From the year 1998, the Czech economy can already be considered (with a certain degree of simplification) structurally similar to the current one.
For selecting the number of lags in VAR model, we used combination of economic and statistics criterions. In this work we consider VAR models with 2, 3 and 4 lags because of posterior probabilities based on Bayes factor (Koop 2003, Koop and Korobilis, 2012) Bayes factor takes into account the combination of prior probability and marginal likelihood of each considered model. For the choice of the number of lags we used upgraded version of Bayes factor designed by Karlsson (2012 ) as well. Karlsson (2012 replaced marginal likelihood in Bayes factor with predictive marginal likelihood of training sample. Results based on both versions of Bayes factor recommended the choice of 2,3 and 4 lags. To predict the time series considered, it is often appropriate to transform the used time series of individual economic and financial indicators. Literature focusing on empirical analysis of time series offers two basic approaches (Lütkepohl, 2005) . The VAR model can be estimated at either levels or differences. Typically, non-stationary macroeconomic data is entering the level model. In this work the models are estimated in the second variant, in year-on-year differences comparing the relative development of the selected quarter with the same quarter of the previous year. The choice of transformation using year-to-year changes has been chosen with regard to its use in the vast majority of authors of well-known foreign publications that deal with macroaggregates predictions using BVAR models. Furthermore, the recommendations of Koop and Korobilis (2010) , comparison to non-informative prior. 1 The first line in each column is the value of characteristics for DMA forecast, the second line is the value of characteristics if the Noninformative prior (classical VAR) is used and the last bolt line is the percent improvement of DMA in comparison to Non-Informative Prior. On following figures we can see the GDP forecast of all models (blue dashed lines), the final dynamic model averaging forecast (dark blue line) and the real GDP growth (red line). On the Figure 3 we can see the forecast 4 quarters ahead. The Mean square error was decreased to 8.136, root mean square error to 2.852, mean absolute error to 2.190 and THEIL 2 statistics to 0.684. On the last Figure 4 we can see the forecast of Czech GDP on horizon 8 quarters (two years) ahead. Mean square error was decreased to 8.619, root mean square error to 2.935, mean absolute error to 2.427 and Theil 2 statistics to 0.631.
The final forecast on one-year horizon using Bayesian Dynamic averaging method is shown in Figure 5 . We can see how the prediction looked like in every single quarter. The most problematic period for forecasting was when the economy was falling into the financial crisis between 2008 Q2 and 2009 Q2. 
DISCUSING CONCLUSIONS
Fair forecasting of future develop of economic macroaggregates has become crucial for monetary and fiscal economic policy makers. Bayesian statistics and appropriate choice of prior helped to solved the problem of economic VAR models − over parametrization. In this paper we studied the problem of how to choose the best settings of informativeness of a prior distribution for VAR models. Every choice of the most appropriate model is always connected with a certain degree of uncertainty. We used Dynamic form of Bayesian model averaging as a tool to partly solve this problem. The weights of each models are over time changing depending on quality forecast in previous periods. We used KLIC criterion to evaluate quality of forecast and to implicitly penalize forecast intervals that are too wide. The use of dynamic weighing across the range of hyperparametres of each model has led to a significant increase of prediction quality characteristics in comparison to non-informative prior at all considered horizons. Dynamic model averaging caused decrease of Mean Square Error about 25.5% at T+1 horizon, about 29.8 % on T+2, 34.1% on T+4 and 55.2% on T+8 horizon. Theil statistic (THEIL2) was improved in average about 14.23 % at all horizons. Moreover, this approach reduces the number and importance of subjectivity choices in the setting f the prior. The following research will be focused on how weights of hyperparameter settings, tightness, variables or number of lags are changing during the economic cycle.
